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1. INTRODUCTION 

All user and road safety, pavement design, bridge design and other transportation issues depend 
mainly on dynamic vehicle weight or what is called weigh-in-motion (WIM) [1]}-[3]. Numerous methods of 
dynamic vehicle weighing scales are developed to fit the requirements of this need. However, these methods 
used different types of sensors and load cells with data loggers to measure and record the weighing data. 

Recently, smartphone ubiquity and development of its hardware, built-in sensors, and software help 
to involve this device in most life applications. The use of smartphone sensors in these applications offers an 
easy and cost-effective solution. Different areas of transportation and vehicle safety utilized smartphone 
sensors rather than traditional systems as detailed below: 

A different area of smartphone-aided application is physical activity and health monitoring. Although 
it is not related to transportation but smartphone sensors are widely used in this area. In 2013, another 
researchers studied the utilization of smartphone accelerometer, gyroscope, and magnetometer in recognizing 
the physicalactivity. They presented the evaluation of three sensors in fourbody situations positions by using 
seven classifiers while identifying six physical activities [4]. Hernandez et al. have developed a method that 
benefits from accelerometer data for extracting breathing and heart rate [5]. Another researcher used 
smartphone texting activity to identify operator fatigue [6]. In 2021, G. Aliand her team proposed a recognition 
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system for human physical activity. The system is based on data extracted from smartphone sensors Le. 
gyroscope, accelerometer, and gravity sensor. The results presented high accuracy in recognition of all six 
activities especially with related to running, walking, sitting, and standing [7]. 

Many research papers were studying vehicle accidents and road conditions using smartphone sensors. 
In 2013, Roberto G. and his team introduced good results concerning utilizing smartphone in crash detection 
of vehicles. The presented model has been examined for early detection of traffic accidents [8]. While Adnan 
Bin Faiz et al developed an application based on Android to detect an accident and notify the nearest health 
care center and police station by emergency alert message. They utilize an external pressure sensor tends to 
extract the body outward force of the vehicle. Global positioning system (GPS) and accelerometer sensors have 
been used in the application, so they became capable to reduce the rate of false alarm by measuring speed and 
change of tilt angle respectively [9]. In 2017, another researchers presented an intelligent system for detecting 
road surface conditions. They used smart mobile relying on crowdsourcing and sensing technique. The sensors 
used in smartphone such as GPS and accelerometer have been utilized for monitoring several road 
conditions [10]. Moreover, different research areas related to use smartphone in vehicle and transportation 
areas such as internet of vehicles (IoV) [11], road condition [12], accident type classification [13]. 

Another field of using smartphone sensors in transportation area is driving behaviour. In 2016, 
Li et al. [14] present a driving behaviour detection method using low accuracy accelerometers and gyroscopes. 
The algorithms have been proved experimentally [14]. And in 2019, Sasidhar and Upasinideveloped a method 
uses a smartphone accelerometer for detecting and identifying abnormal driving behaviour such as lane 
changing, weaving, and sudden braking [15]. Recently, Rishu Chhabra and his colleagues designed and 
implemented an accelerometer to detect any unexpected changes in acceleration, sharp tums, and braking using 
gyroscope. The method categorized the driver as an aggressive or nonaggressive driver according to the 
observed pattern [16]. And in 2019, Papadimitriou ef al. [17] explored driver behaviour using smartphone 
sensors. They suggested using mobile phone while driving for more accuracy [17]. Although of many research 
papers that had been presented in on-road weighing area [2], [18], [19], to our best knowledge there were not 
trials of using smartphone sensors to handle this task. In this work, anew approach is proposed to classify on- 
road truck weight into three classes using smartphone magnetometer and inertial (accelerometer and 
gyroscope) sensors. This approach is very cost-effective and can be implemented easily to any vehicle without 
the need for extra hardware to be installed by professional workers. 


2. BACKGROUND 

Different approaches, methods and systems had been proposed in research papers to investigate the 
accuracy of these proposals and their ability to keep this accuracy in real road environments. It is known that 
static weighing is more accurate than dynamic weighing. However, still, dynamic weighing is preferable 
because of its ability to ensure traffic flow and reduce the need for stopping at the entrance of static weighing 
platforms. In the next subsections, several topics related to our work are detailed with its background theory. 


2.1. WIM 

Weigh-in-motion systems are used to measure weight of traveling vehicle at normal or reduces speed. 
Collected data from WIM system is very useful for vehicle suspension system, pavement and traffic control 
and other applications. WIM systems can be classified into two major classes: 1) low-speed WIM (LS-WIM) 
and ii) high-speed WIM (HS-WIM). This classification is come up based on vehicle speed. The system is 
counted as LS-WIM if the measuring speed is up to 15 kn/hr, while it will be under HS-WIM class if it crosses 
the 15kn/hr, threshold [20]. The weight sensors may be embedded in roads, bridges or installed in vehicles 
(on-board WIM). LS-WIM can be implemented using road sensors while HS-WIM can be implemented using 
all three systems as illustrated in Figure 1 [21], [22]. 

Accuracy, cost, traffic management, availability and frequency of calibration are main issues need to 
be investigated to improve the use of WIM systems in real environments. The accuracy of WIM existing 
systems is around 5-15% depending on vehicle speed and number of sensors and other parameters [21]—[23]. 
However, increasing number of sensors makes the systemcostly and sophisticated and rise the need for a more 
frequent calibration process. The proposed approach is suggested to in keep the existing accuracy and, at the 
same time, improve the cost and ease of use with increasing frequency of calibration. 


2.2. Vehicular dynamics 
Vehicle movement follows mainly Newton’s second low which describe the relation between mass 


(m), acceleration (a) and vehicle net forces (F) as shown in (1): 


Fret=ma (1) 
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Figure 1. Weigh-in-motion classes 


where the net forces (Fner) is the resultant of traction force and resistance forces [24]. Starting from Newton’s 
second low more detailed formula is derived from [20]: 


F=mxXa+mxXgxsinO+R (2) 


where F is the combustion engine driving force, m is the mass of the derived vehicle, a is the vehicle 
acceleration, g is the gravitational acceleration, 0 is the slope angle of the driving road and R is the moving 
resistance force. (2) can be re-arranged: 


F-R 


a=—~—g xsin@ (3) 


It can be noticed from (3) that the vehicle acceleration is inversely proportioned to the vehicle mass. 
However, the acceleration is a function not limited to mass but also to driving force, resistance force and road 
inclination angle. Assuming that the proposed systemis calibrated (trained) in similar road environments, the 
acceleration values can be a good representative of vehicle mass. As a result, the acceleration measurements 
can be used to capture vehicle weight. The proposed machine learning approach is used as a classifierfunction 
to map the acceleration measures with weight class after training. 


2.3. Smartphone inertial sensors and vehicle sensors 

Smartphone using is increasing dramatically in the last few years. Smartphones are equipped with 
many built-in sensors that are used to manage smartphone functionality. Accuracy and quality ofthese sensors 
usually depend on smartphone brand and price. In this work, we are focusing on sensors affected by motion. 
Motion-related sensors which are embedded in smartphone are accelerometer and gyroscope. Figure 2 shows 
an example of smartphone and graphical representation of the two motion sensors (accelerometer and 
gyroscope) and will be described in more details next subsections 


exo (Roy, 


Figure 2. Smartphone and its inertial sensors 
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2.3.1. Accelerometer 

Accelerometer is a device used to measure acceleration that is manufactured using micro-electro- 
mechanical systems (MEMS) technology. Recently, majority of smartphones are equipped with tri-axial 
accelerometer as illustrated in Figure | where the orientation of accelerometer axes is aligned with smartphone 
body. In this work, it is not necessarily to align the smartphone body with vehicle heading. Acceleration is an 
essential motion metric which proportions inversely with mass as Newton’s second law says [19]. Several 
vehicle dynamic measures can be affected directly by vehicle mass and these measures can be captures by 
accelerometer (and gyroscopes) devices [25]. A brief description of these measures is listed. 

a) Suspension dynamics: Vehicle suspension system carries load and vehicle mass against gravity force. 
Also, this system is responded directly to vertical vehicle inertia changes while driving status. All 
these changes can be captured by accelerometer. 

b) Lateral/yaw dynamics: Due to vehicle manoeuvring or turning, lateral forces appear in a magnitude 
that is directly proportional to vehicle mass. These forces can be easily captured by tri-axial 
accelerometer (and gyroscope). 

c) Longitudinal dynamics: Vehicle engine generates certain amount of traction power and force. 
Consequently, the longitudinal acceleration and deceleration (or braking) relate directly to the 
effective mass of vehicle. The changes in vehicle speed can be effectively captured by accelerometer 
measures. 


2.3.2. Gyroscope 

Gyroscope is aMEMS sensorthat smartphone is equipped with. It is used to measure angular velocity 
and usually to maintain orientation. Similar to accelerometer structure, gyroscope also has three axes 
component usually named roll, pitch and yaw according to the rotation axis (Y, X or Z respectively) as 
illustrated in Figure 1. Again, in this work the alignment of smartphone inside the vehicle is not a crucial point 
because reflection of vehicle mass changing can be captured by either of the gyroscope components. Vehicle 
turning and maneuvering (Lateral/yaw dynamics) causes changes in the angular velocity of the vehicle. These 
changes can be effectively recorded by smartphone gyroscope sensors when it is located inside the vehicle. 


3. THE PROPOSED APPROACH 

The proposed weigh-in-motion approach is described and overviewed in this section. This approach 
includes four stages as shown in Figure 3. These stages are started with the experiment and data collection, 
pre-processing, feature extraction, and finally classification stage. In this section these stages will be detailed 
in subsection as follows: 
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Figure 3. The proposed approach 
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3.1. Experiment and data collection 

A small truck (pick-up truck) is used in this work to conduct the experiment and to collect data from 
smartphone. The full load capacity of the used vehicle is 1000 KGM. A local road of around 1 Km long is 
chosen to do the experiment which is usually a busy road to enhance the experiment with realistic vehicle 
behaviour. Low-cost smartphones (Xiaomi Redmi 5 and Sony Xperia Z3) are used in this experiment to test 
the ability of the solution to work with any type of smartphone. Numerous sensors are equipped with this 
smartphone. However, three sensors have been chosen in this work and they are; Accelerometer, Gyroscope, 
and Magnetometer. 

Three loading levels are chosen in this work to test the ability of the algorithm to distinguish between 
them. These levels are empty, half load, and full load levels. Six trips with the truck are traveled while the 
smartphone is collecting data from its built-in sensors using the mentioned application. Every two trips have 
been represented one of three load levels. The smartphone has been used as a data logger with aid of a 
commercial application named sensor kinetics pro [26]. The application can collect all built-in smartphone 
sensors. In this work, three movement sensors (accelerometer, gyroscope, and rotation virtual sensors) have 
been selected to share their data. 


3.2. Pre-processing 

Different sources of noise commonly contaminate the collected data. The common method to reduce 
the effect of inertial sensors noise is to use a moving average window filter [27]. The window size of the 
moving average filter is depending on the sampling rate and time response of the vehicle. For this work, a 
window size of 60 samples is chosen to trade-off between the sampling rate (200 Hz) and the time response of 
vehicle activity (acceleration and deceleration). This selection has been chosen to achieve maximum 
classification (next stage) performance. 

Pre-processing stage is added to reduce the noise effect and prepare data for the feature extraction 
stage. Figure 4 shows an example of this job. It is clear that noisy filtered raw (grey color) has been filtered 
and present in clearer form (black line) which is ready to feature extraction stage. Moreover, several time slots 
of data have been removed fromthe dataset when the vehicle is in idle status because this work is proposed to 
measure weight in motion. When the vehicle is in movement status, inertial sensors can capture vehicle 
behaviour including weight effect. However, this is not the case when the vehicle is in idle status. 

Figure 4 shows several acceleration and deceleration tie intervals which are presented as positive and 
negative acceleration values respectively. Changes in inertial sensor behaviour capture changes in vehicle 
activity. These changes are used to capture the effect of vehicle mass on its behaviour. 

Vehicle dynamics quantities such as acceleration, braking, cornering, and inertia have a direct relation 
with vehicle mass. Acceleration and braking have a proportional inverse relation to vehicle mass as stated in 
Newton’s second law of motion. So, inertial sensors which are functioned based on the same principles can 
capture changes in vehicle mass. Figure 5 shows an example of collected data belongs to three load levels of 
the vehicle under test. 
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Figure 4. An example of pre-processing stage with Figure 5. An example of filtered data imposed on 
raw and filtered data imposed on same graph and the same graph showing different vehicle loading 
showing different vehicle movement statuses levels 
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3.3. Feature extraction 

The pre-processed data has been statically analyzed to the first and second momentum levels. Two 
hardware built-in sensors (accelerometer and gyroscope) and one software computed sensor (rotation) are 
selected to generate features. Many combinations sets of features tested and the set with the best classification 
performance have been chosen. The selected feature set includes eight features and they are: 
(1) X component of accelerometer. 
(2) Y component of accelerometer. 
(3) Zcomponent of accelerometer. 
(4) Magnitude of gyroscope. 
(5) Magnitude of rotational sensor. 
(6) Standard deviation of acceleration magnitude. 
(7) Standard deviation of gyroscope magnitude. 
(8) Standard deviation of rotation magnitude. 

These features are extracted and stored in a database of 42000 records. Each record includes 8 values 
from the aforementioned sets. This features dataset is used to feed the neural network classifier (next 
subsection). This dataset is labeled with three labels (empty, half load and full load) according to trip status. 


3.4. Neural network classifier 

Neural network is widely used as a machine learning technique. It is used mainly when there is a 
complex relationship between input and output relation and it can capture the pattern and classify it based on 
a previous learning phase [28]. In this work, the neural network is used to classify one of three classes based 
ona Set of eight previously mentioned features. The structure of the neural network consists of three layers; 
the input layer with eight neurons and the hidden layer with twenty neurons and finally the output layer with 
three neurons to simulate the three classes. The features dataset is divided into three subsets including 60% of 
data as training subset, 20% as a testing subset and 20% as validation subset. 


4. RESULTS AND DISCUSSION 

The ternary (three classes) neural network (NN) classifier is designed and tested with different hidden 
layer neuron numbers. The feature dataset is fed to the input layerof NN classifier and the performance metrics 
are calculated based on data gained from the output layer. The receiver operating characteristic curve (ROC) 
is commonly used to test classifier performance metrics [29]. This ROC for the implemented classifier is shown 
in Figure 6 and it illustrates the three classes performance with three different line types. The area under this 
curve (AUC) is a sign for classifier accuracy. It is noticeable the three classes have presented good accuracy 
since the AUC for the three classes is close to | (the perfect classification results). However, the “empty” class 
shows the best AUC and best classifying results, which is expected, because the vehicle moving behaviour will 
be much more different than the other two classes. When the vehicle is empty, it accelerates and decelerates 
faster than when it is loaded. The ROC graph which is shown in Figure 6 Illustrates graphically the 
classification results. 

Another classification performance metric is the confusion matrix (CM). This metric tends to present 
data in numbers form rather than graphical form (as in ROC). The confusion matrix of the implemented 
classifier is presented in Figure 7. The confusion matrix depicts a clear overview of the classifier results. The 
diagonal numbers of CM show the correctly classified samples which is in our case the major part of the dataset. 
However, there is still a small fraction of data is misclassified between the three classes. 

The best classification rate is gained by the first class (empty class) which is scored 97.3%. This result 
happened because of the damping, acceleration and declaration of vehicle, in this class, is significantly different 
from other classes when the vehicle is loaded. However, the overall accuracy of the three classes is 91.2% that 
shows the ability of this approach to classify correctly the load level of the tested vehicle. Error tolerance of 
implemented approach (8.8%) is within permissible error limit (5-15%) [20]-[22]. 

The classifier performance metrics are listed in Table 1. Again, the best accuracy is granted to the first 
class (“empty class”) as discussed earlier. Precision and recall are another performance metrics that are 
calculated based using the confusion matrix. These two metrics give another perspective to classifier results in 
companion with accuracy. The precision shows close results (around 0.9) for the three classes which is a sign 
for the classifier to work consistently for all classes. The recall metrics which is sometimes called sensitivity, 
aims to capture the maximum number of instants belongs to that class. It is clear from recall numbers that the 
first class has the highest number. It seems that the data of this class can easily distinguish from the o ther two 
classes. Finally, Fl score is a single score that can balance precision and recall as its numbers seem to be the 
average of the other two metrics. 
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Figure 6. The Ternary NN classifier ROC and AUC Figure 7. The Ternary NN classifier confusion 
performance metrics matrix 


Table 1. Classifier performance metrics 


Class Accuracy Precision Recall Fl Score 
Empty 96.26% 0.92 0.97 0.95 
Halfload 93% 0.9 0.89 0.89 
Fullload 93.11% 0.92 0.87 0.89 


Many research papers had been investigated WIM systems to improve their performance. The 
improvement usually aims to enhance cost, complexity, accuracy, and frequency of calibration. However, the 
proposed approach (using smartphone inertial sensors only) is not adopted in these research papers. Although 
the accuracy is within error tolerance of existing systems (5-15%), the accuracy is not one of the best results 
of the proposed approach. However, other evaluation metrics can be count for this approach. The proposed 
WIM approach is cost-effective compared to the existing system since it uses only smartphone embedded 
sensors. Also, after training, there is no need forcalibration which is essential feature forsuch systems. Finally, 
the proposed WIN approach is easy to use and implement in any vehicle and there is no need for experts for 
installation. Table 2. Shows a comparison between the proposed and existing systems based on most known 
evaluation metrics. 


Table 2. Comparison between existed technologies and the proposed approach 
WIM technology Cost Complexity Accuracy Frequency of calibration Sensors type 


LS-WIM High High Moderate Moderate Load cell/Bending plates 
HS-WIM High High Low High Accelerometer/strain gauge 
Proposed WIM _ Low Low Low low Smartphonesensors 


5. CONCLUSION 

A new approach foron-road vehicle weighing scales using smartphone inertial sensors is proposed in 
this work. The proposed WIM approach has been planned, designed and implements successfully. This 
approach is achieved based on smartphone inertialsensors (accelerometer and gyroscope) and rotational sensor 
using an existing data collection application. These sensors can capture the dynamic behaviour of the vehicle. 
The approach has been tested through a small truck with six trips (two trips for each class). The approach is 
designed to distinguish the vehicle load among three classes (empty, half load and full load). The classifier 
performance results proved the successful rate of implemented approach to identify the actual class load with 
an accuracy of 91.2%. The results show the ability of the implemented approach to estimate the actual load of 
the moving vehicle without the need for any extra onboard hardware. More development can help to make this 
approach more practical by increasing the classes of vehicle load. 


Int J Artif Intell, Vol. 11, No. 4, December 2022: 1554-1562 


Int J Artif Intell ISSN: 2252-8938 O 1561 


REFERENCES 

[1] Y. Huang, P. Lu, andR. Bridgelall, “Road sensor network for smart city applications,” in SensorsandSmarStucturesTechnologies 
for Civil, Mechanical, and Aerospace Systems 2018, Mar. 2018, p. 125, doi: 10.1117/12.2295949. 

[2] Y. Yue C. S Cai, and L. Deng, “State-of-the-art review on bridge weigh-in-motion technology:,” 
http ://dx.doi.org/10.1 177/136 943 3216655922, vol. 19, no. 9, pp. 1514-1530, Jun. 2016, doi: 10.1177/1369433216655922. 

[3] B. Jacoband V. Feypell-de La Beaumelle, “Improving truck safety: Potential of weigh-in-motion technology,” /ATSS Research, 
vol. 34, no. 1, pp. 9-15, Jul. 2010, doi: 10.1016/J.IAT SSR.2010.06.003. 

[4] M. Shoaib, H. Scholten, andP. J. M. Havinga, “Towards Physical Activity Recognition Using SmartphoneSensors,’in 20/3 IEEE 
10th International Conference on Ubiquitous Intelligence and Computing and 2013 IEEE 10th International Conferenceon 
Autonomic and Trusted Computing, Dec. 2013, pp. 80-87, doi: 10.1109/UIC-ATC.2013.43. 

[5] J. Hernandez, D. J. McDuff, and R. W. Picard, “Biophone: Physiology monitoring from peripheral smartphone motions,” 
Proceedings of the Annual International Conference of the IEEE Engineering in Medicine and BiologySociety, EMBS ,vol.2015- 
Novem, pp. 7180-7183, Nov. 2015, doi: 10.1109/EMBC.2015.7320048. 

[6] H.Al-Libawy, A. Al-Ataby, W. Al-Nuaimy, M. A. Al-Taee, andQ. Al-Jubouri, “Fatigue Detection Method Basedon Snartphone 
Text Entry Performance Metrics,” 2017, doi: 10.1109/DeSE.2016.9. 

[7] GQ. AliandH. Al-Libawy, “Time-Series Deep-Learning Classifier for Human Activity Recognition Basedon Smartphone Built- 
in Sensors,” Journal of Physics: Conference Series, vol. 1973, no. 1, Aug. 2021, doi: 10.1088/1742-6596/1973/1/012127. 

[8] R.G Aldunate, O. A. Herrera, and J. P. Cordero, “Early Vehicle Accident Detection and Notification Based on Smartphone 
Technology,” Lecture Notes in Computer Science (including subseries Lecture Notes in Artificial Intellig enceand Lecture Notesin 
Bioinformatics), vol. 8276 LNCS, pp. 358-365, 2013, doi: 10.1007/978-3-319-03176-7_46. 

[9] A. Bin Faiz, A. Imteaj, and M. Chowdhury, “Smart vehicle accident detection and alarming system using a smartphone,’in 20/5 
International Conference on Computer and Information Engineering (ICCIE), Nov. 2015, pp. 66-69, doi: 
10.1109/CCIE.2015.7399319. 

[10] G Singh, D. Bansal, S. Sofat, and N. Aggarwal, “Smart patrolling: An efficient road surface monitoring using smartphonesensors 
and crowdsourcing,” Pervasive and Mobile Computing, vol. 40, pp. 71-88, Sep. 2017, doi: 10.1016/J.PMCJ.2017.06.002. 

[11] N. Zaeri, “A heterogeneous short-range communication platform for internet of vehicles,” InternationalJoumalofElectncaland 
Computer Engineering (IJECE), vol. 11, no. 3, pp. 2165-2177, Jun. 2021, doi: 10.1159 1/IJECE. V1 113.PP2165-2177. 

[12] K. Gayathri andS. Thangavelu, “Novel deep learning model for vehicle and pothole detection,” Indonesian JoumalofElectrcal 
Engineering and Computer Science, vol. 23, no. 3, pp. 1576-1582, Sep. 2021, doi: 10.1159 1AJEECS.V23.13.PP1576-1582. 

[13] M.A. Anwer, S. M. Shareef, and A. M. Ali, “Accident vehicle types classification: a comparative study between different deep 
learning models,” Indonesian Journal of Electrical Engineering and Computer Science, vol. 21, no.3,pp. 1474-1484, Mar.2021, 
doi: 10.1159 1/AJEECS.V21.13.PP 1474-1484. 

[14] FuLi, Hai Zhang, Huan Che, and Xiaochen Qiu, “Dangerous driving behavior detection using smartphone sensors,’in 20/6/EEE 
19th International Conference on Intelligent Transportation Systems (ITSC), Nov. 2016, pp. 1902-1907, doi: 
10.1 109/IT SC.2016.7795864. 

[15] K. Sasidhar and A. Upasini, “Two wheeler rash drive detection using smartphones,” in 20/9 1] th International Conferenceon 
Communication Systems & Networks (COMSNETS), Jan. 2019, pp. 754-758, doi: 10.1109/COMSNET S.2019.8711455. 

[16] R. Chhabra, S. Verma, andC. Rama Krishna, “Detecting Aggressive Driving Behavior using Mobile Smartphone,” Lecture Notes 
in Networks and Systems, vol. 46, pp. 513-521, 2019, doi: 10.1007/978-981-13-1217-5_49. 

[17] E. Papadimitriou, A. Argyropoulou, D. I. Tselentis, andG. Yannis, “Analysis of driver behaviour through smartphonedata:The 
case of mobile phone use while driving,” Safety Science, vol. 119, pp. 91-97, Nov. 2019, doi: 10.1016/J.SSCI.2019.05.059. 

[18] G Radoicic, M. Jovanovic, andM. Arsic, “Experience with an On-board Weighing System Solution for Heavy Vehicles,’ ETRI 
Journal, vol. 38, no. 4, pp. 787-797, Aug. 2016, doi: 10.4218/ETRIJ.16.01 15.0183. 

[19] S. Altmannshofer andC. Endisch, “Robust vehicle mass and driving resistance estimation,” Proceedings of theAmencan Control 
Conference, vol. 2016-July, pp. 6869-6874, Jul. 2016, doi: 10.1109/ACC.2016.7526754. 

[20] S. Kirushanth and B. Kabaso, “Design and Development of Weigh-In-Motion Using Vehicular Telematics,” JournalofSensors, 
vol. 2020, 2020, doi: 10.1155/2020/7871215. 

[21] J. Gajda, P. Burnos, andR. Sroka, “Accuracy Assessment of Weigh-in-Motion Systems for Vehicle’s Direct Enforcement,’ JEEE 
Intelligent Transportation Systems Magazine, vol. 10, no. 1, pp. 88-94, Mar. 2018, doi: 10.1109/MITS.2017.2776111. 

[22] D.Rys, “Investigation of Weigh-in-Motion Measurement Accuracy on the Basis of Steering Axle Load Spectra,” Sensors(Basel, 
Switzerland), vol. 19, no. 15, Aug. 2019, doi: 10.3390/S19153272. 

[23] N. Lin, C. Zong, andS. Shi, “The Method of Mass Estimation Considering System Error in Vehicle Longitudinal Dynamics,” 
Energies 2019, Vol. 12, Page 52, vol. 12, no. 1, p. 52, Dec. 2018, doi: 10.3390/EN12010052. 

[24] S. Stawska, J. Chmielewski, M. Bacharz, K. Bacharz, and A. Nowak, “Comparative Accuracy Analysis of Truck Weight 
Measurement Techniques,” Applied Sciences 2021, Vol. 11, Page 745, vol. 11, no. 2, p.745,Jan.2021,doi: 10.3390/APP 1 1020745. 

[25] H.K. Fathy, Dongsoo Kang, andJ. L. Stein, “Online vehicle mass estimation using recursive least squares and supervisory data 
extraction,” in 2008 American Control Conference, Jun. 2008, pp. 1842-1848, doi: 10.1109/ACC.2008.4586760. 

[26] “Download Sensor Kinetics Pro for Android - Sensor Kinetics Pro APK Download - STEPrimo.com.” . 

[27] Y. Zhuang, L. Chen, X. S. Wang, andJ. Lian, “A Weighted Moving Average -based Approach for Cleaning Sensor Data,’in27th 
International Conference on Distributed Computing Systems (ICDCS ’07), Jun. 2007, pp. 38-38, doi: 10.1109/ICDCS.2007.83. 

[28] D.Kleyko, R. Hostettler, W. Birk, andE. Osipov, “Comparison of Machine Learning T echniques for VehicleClassification Using 
Road Side Sensors,” IEEE Conference on Intelligent Transportation Systems, Proceedings, ITSC, vol. 2015-Octob,pp.572-577, 
Oct. 2015, doi: 10.1109/IT SC.2015.100. 

[29] R.M. Everson andJ. E. Fieldsend, “Multi-class ROC analysis from a multi-objective optimisationperspective,” Pattem Recognition 


Letters, vol. 27, no. 8, pp. 918-927, Jun. 2006, doi: 10.1016/J.PATREC.2005.10.016. 


A new approach for varied speed weigh-in-motion vehicle based on ... (Ahmed A. Hamad) 


1562 O ISSN: 2252-8938 
BIOGRAPHIES OF AUTHORS 


Assistant Professor Ahmed A. Hamad —:4 P received the BSc degree in Electrical and 
Electronic Engineering from the University of Technology, Baghdad, Iraq in 1991, MSc degree in 
Communication engineering from the University of Technology, Baghdad, Iraq in 1995. Hamad 
received his PhD in communication engineering from the University of Technology, Baghdad, 
Iraq, 2007. He is a teaching staff in Babylon University, Babylon, Iraq since 2006 till now. The 
area of research interest includes digital communication, information theory and coding, 
cryptography, and FPGA _ applications. He can be contacted at email: 
eng.ahmed.ak @uobaby lon.edu.iq. 


Yasseen S adoon Atiya® Si P was born in Babylon, Iraq in 1984. He received the B.Sc. 
degree in electrical engineering from the university of Babylon, Babylon, in 2007 and M.Sc. 
degree from the university of Baghdad, Baghdad, in 2012. He is currently preparing the 
introductions of completing the Ph.D degree in wireless communications at Queen's University 
Belfast. He can be contacted at email: ysa_eng84@yahoo.com. 


_. Assistant Professor Hilal Al-Libawy ff P received BSc degree in Electrical Engineering 
from Baghdad University, Baghdad, Iraq, in 1991, MSc degree in electronic engineering in 1995. 
He is a teaching staff in Babylon University, Babylon, Iraq since 2004 till now. Al-Libawy has 
received his PhD certificate in behavioral analysis and operator fatigue studies in 2018 in the 
University of Liverpool, Liverpool, UK. His main areas of research interest are behavioral 
analy sis, operator fatigue detection, deep learning, and biological, cognitive modeling including 
ACT-R architecture and FPGA optimised application. He can be contacted at email: 
hilal_hussain@ yahoo.com. 


Int J Artif Intell, Vol. 11, No. 4, December 2022: 1554-1562 


